Abstract: This study assessed the impact of climate change on water availability and variability in two subbasins in the upper Blue Nile basin of Ethiopia. Downscaled future climate data from HadCM3 of A2 (medium-high) and B2 (medium-low) emission scenarios were compared to the observed climate data for a baseline period . The emission scenario representing the baseline period was used to predict future climate and as input to a hydrologic model to estimate the impact of future climate on the streamflow at three future time horizons: 2020-2045, 2045-2070 and 2070-2100. Results suggest that medium-high emission scenario best represents the local rainfall and temperature pattern. With A2 scenario, daily maximum/minimum temperature will increase throughout the future time horizons. The minimum and maximum temperature will increase by 3.6 • C and 2.4 • C, respectively, towards the end of the 21st century. Consequently, potential evapotranspiration is expected to increase by 7.8%, although trends in annual rainfall do not show statistically meaningful trends between years. A notable seasonality was found in the rainfall pattern, such that dry season rainfall amounts are likely to increase and wet season rainfall to decrease. The hydrological model indicated that the local hydrology of the study watersheds will be significantly influenced by climate change. Overall, at the end of the century, streamflow will increase in both rivers by up to 64% in dry seasons and decrease by 19% in wet seasons.
Introduction
Greenhouse gases emissions have significantly increased since the industrial revolution and led to global warming [1] . According to the Intergovernmental Panel on Climate Change (IPCC [2] ), the atmospheric concentration of CO 2 has increased from 280 ppm in 1750 to 367 ppm in 1999. The concentration increased to over 400 ppm in 2015 and it is expected to reach 463-623 ppm by 2060 and 470-1099 ppm by 2100 [3] . Scientific evidence indicates that increased greenhouse gas emissions will cause an increase in average temperature of the earth by up to 1. 4-5.8 • C by the end of the century [4] [5] [6] . Recently, several places across the world have experienced record-breaking meteorological extremes since measurements began [7, 8] .
Climate change will have a profound impact on the availability and variability of fresh water as the frequency of climatic extremes such as heat waves, drought, and change in rainfall pattern increases in response to global warming [9] . The uncertainty of the availability of water resources will affect agricultural production, challenge socio-economic systems, and threaten environmental sustainability by increasing use of non-recyclable resources to feed the growing population. The effect of climate change will be significant particularly in developing countries where their economy is heavily dependent on agricultural production [10, 11] . The IPCC indicated Africa as one of the most vulnerable continents to climate change and climate variability [10] . Ethiopia is one of the African countries whose economy is largely dependent on agriculture [11] [12] [13] . Therefore, the country's economy is subjected to a direct impact of climate change. A large portion of lands in Ethiopia is arid or semi-arid, inhabited by poor and vulnerable communities wholly dependent on rainfall. In addition, poor land management coupled with increasing climate extremes is affecting the livelihoods of these communities. It is therefore important to understand the impact of climate change on water resources to implement appropriate climate change adaptation and mitigation strategies. Expansion of small-scale irrigation is one of the mitigation strategies under consideration where dry season streamflow is reliable [14] [15] [16] . However, implementation of such strategies requires a thorough assessment of the impact of climate change on streamflow that is highly sensitive to climate, especially to changes in precipitation, snow regime and evapotranspiration [17, 18] . Climate change scenarios from either General Circulation Models (GCMs) or simple analog models are frequently used to assess the hydrological impacts of climate change [19] [20] [21] [22] . Since the impact of climate change can be significantly variable in different regions, it is important to conduct such study at critical agro-ecological regions to develop and implement adaptation and mitigation strategies.
The objective of this study is to evaluate the impact of climate change on the water resources availability of Beles subbasin in the upper Blue Nile basin using projected climate data and hydrological modeling. The basin is considered as one of the growth corridors in Ethiopia where large-scale development projects such as the Grand Ethiopian Renaissance Dam (GERD) and the Tana-Beles sugar factory are underway.
Data and Methodology

Study Area
The study area is located in the Beles basin in the western part of the upper Blue Nile basin, Ethiopia. The Beles basin (10 • 20 -12 • 00 N and 35 • 00 -37 • 00 E) represents 8.0% (176,000 km 2 ) of the Blue Nile basin ( Figure 1A ). The basin is gauged at two locations: one at the outlet of Main Beles and another at the outlet of Gilgel Beles, with catchment areas of 3485 km 2 and 742 km 2 , respectively ( Figure 1B ). The Gilgel Beles watershed (average altitude of 1735 m) is situated at a higher altitude than the Main Beles (average altitude of 1460 m). Rainfall in the area is unimodal with a prolonged dry spell from November to May followed by a wet season from June to October. The study area receives 70-80% of the total rainfall between June and September.
Hydro-Climatic and Spatial Data
Hydro-climatic data such as climatic and hydrological are required to simulate and calibrate a hydrological model. Meteorological stations located inside the study subbasins do not have continuously recorded daily climatic data for a long period. However, one nearby station (Dangila) has a long period of daily climate data, since 1960, but the other two nearby stations (Chagni, and Pawe) indicated many missing data in the 1970s, 1980s and 1990s. All the climate variables such as rainfall, maximum/minimum temperature, relative humidity, wind speed and daily sunshine hours were available only at Dangila station, while Chagni and Pawe only have rainfall and temperature data. Both subbasins receive a similar amount of rainfall, the average annual rainfall is approximately 1560 mm with a standard deviation of 165 mm. The Standard Precipitation Index (SPI [23] ) was used to understand the rainfall variability throughout the study period. SPI is adopted by the World Meteorological Organization (WMO) to characterize metrological drought. It is a normalized index representing the number of standard deviation by which the observed anomaly deviated from the long-term mean. The analysis indicated that, for the study period (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) , 75% of the time the annual rainfall received by both subbasins is considered as normal rainfall which is within one standard deviation from the mean. The remaining 12.5% represents moderately wet and dry condition (12.5%). The climate data from Dangila station was used to estimate the potential evapotranspiration using Penman-Monteith method [24] . Streamflow is observed twice a day at twelve-hour intervals at the outlets of Main Beles and Gilgel Beles river gauging stations. Despite the continuous effort to collect up to date data, the streamflow data collected were only for the period from 1998 to 2005. The average monthly observed flow (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) and average spatial rainfall of Main Beles and Gilgel Beles are presented in Figure 2 .
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Methods
The impact of climate change on streamflow was studied in three steps. Initially, a semi-distributed hydrological model called Hydrologiska Byråns Vattenbalansavdelning (HBV [26] ) was calibrated to simulate streamflow. The HBV model was selected due to its proven performance in capturing the observed streamflow of several watersheds in the upper Blue Nile basin [19, [27] [28] [29] [30] [31] . In addition, the model is less input data intensive compared to other distributed hydrological models. The calibrated model was validated with an independent dataset, as described in Section 2.3.2. Thereafter, the General Circulation Model (GCM) data were downscaled using statistical downscaling model (SDSM, [32] ). The A2 (medium-high) and B2 (medium-low) emission scenarios were downscaled to represent the future climate at subbasins level. The SDSM downscaled future climate was compared with the observed data for the baseline period. Finally, the downscaled future climate data from the two emission scenarios, which captured the gauged climate data in the baseline period, were used as input to the calibrated and validated HVB model to evaluate the effect of future climate data on the streamflow of Main Beles and Gilgel Beles subbasins.
Hydrological Model Description
The HBV model is a semi-distributed conceptual hydrological model [26, 33] . In HBV, a watershed is divided into sub-watersheds and further into elevation and land use zones. The model simulates daily runoff from daily rainfall, temperature, long-term average monthly potential evapotranspiration, landscape characteristics and observed runoff data for calibration. The general water balance is described as:
where P is the precipitation, E is the evapotranspiration, Q is the runoff, SP is the snowpack, SM is the soil moisture, UZ is the runoff from the upper ground zone, LZ is teh runoff from the lower ground zone, and lakes is the lake volume. All components are estimated as mm of water. The model consists of subroutines for precipitation and snow accumulation, soil moisture accounting, response routine, transformation function and simple routing procedure. Precipitation is computed separately for each elevation/vegetation zone within the subbasin [26] . Soil moisture accounting controls the runoff formation. Soil moisture accounting routine is based on three parameters Beta, limit for potential evaporation (LP), and field capacity (FC). Beta controls the contributions to the response function (∆Q/∆P) or the increase in soil moisture storage (1 − ∆Q/∆P) from each millimeter of rainfall or snowmelt. LP is a soil moisture value above which evapotranspiration reaches its potential and FC is the maximum soil moisture storage (in mm). Response routine transforms the excess water from the soil moisture zone. The response routine consists of upper and the lower linear reservoirs. The upper reservoir is coupled to the soil moisture zone by seepage. When the seepage from the soil moisture routine exceeds the percolation capacity, the upper reservoir starts to fill and at the same time, the water will percolate to the lower reservoir by a percolation parameter (PERC) [27, 28] . The lower reservoir represents the groundwater that contributes to the baseflow. KHQand K4 are recession coefficients of the upper and lower reservoir, respectively. For the model calibration, the most sensitive model parameters controlling the output variable (flow) were identified from SMHI [34] , and include Alfa, Beta, FC, K4, KHQ, LP, and PERC.
Model Calibration, Validation, and Performance Evaluation
A semi-automated approach was applied to calibrate the HBV model calibration process. Initially, minimum and maximum limits of the parameters were set based on a literature and local knowledge of the watershed [19, 28, 31] . The data were split into calibration and validation by split sampling where 70% of the data were used for calibration and the remaining for validation [35] . After initializing the model, an automatic calibration was performed using a Monte Carlo computation procedure. The model was calibrated for the period 1999-2003 and validated for the period 2004-2005. The model performance was also evaluated annually and over dry (November to May) and wet (June to October) seasons. Percent Bias (PBIAS), Nash-Sutcliffe Efficiency (NSE) and Coefficient of Determination (R-square) were used to evaluate the model performance.
Wilby and Harris [36] and Chen et al. [37] ranked Global Circulation Models (GCMs) and downscaling methods as the greatest uncertainty in the climate change impact studies. Brigode et al. [37] also indicated the dependency of the optimal model parameter sets on the climate characteristics of the calibration period, which is different from the projection period. Brigode et al. [37] further proposed methods to reduce the uncertainty associated with the optimal model parameters, which includes testing the model parameters by the two contrasted periods such as dry and wet condition.
In this study, the optimal model parameters performance was tested over the calibration and validation seasons as well as over the dry (November to May) and wet (June to October) periods. The SPI analysis was used to understand the rainfall variability throughout the study period and it indicated that 75% of the study period the annual rainfall received by both subbasins is considered as normal rainfall. A normal rainfall year is where the annual rainfall is within one standard deviation from the long-term mean annual rainfall. The moderately wet and dry conditions were represented by 12.5% each. The SPI indicated that the calibration and validation period encompasses a contrasting climate periods (normal, wet and dry periods). Therefore, the optimal model parameters can be used to study the impact of projected climate change.
Future Climate Data
Climate scenarios are used to understand the plausible future climate. They are also used to quantify the relative change in the current and future climate, which is often used as an input to the hydrological models to assess the impact of climate change on hydrological systems, for example as in this study. A global climate prediction model from Hadley Centre Coupled Model version 3 (HadCM3, Exeter, United Kingdom) downscaled with a Statistical Downscaling Model (SDSM) was used as input to a hydrological model to access the impact of future climate of the streamflow hydrology.
General Circulation Model (GCM)
There are different climate scenarios for climate change studies [37] [38] [39] [40] [41] . GCM based scenario [42, 43] and Synthetic scenario [2] are often used to project future climate [38, 41, 44] . This study used a general circulation model (GCM) based scenario to predicted the effect of future climate on the river flow. Scenario-based GCMs are the most common method of developing climate scenarios to quantify and assess the plausible impact of climate change. GCMs are required to project and quantify the relative change of climate variables between the current and future time horizon [42, 43] .
Several GCM models include atmosphere, ocean, land surface and sea ice components [45] . This study used the Hadley Center Coupled Model version 3 (HadCM3), which is a coupled atmosphere-ocean model. HadCM3 is developed at the Hadley Center of the United Kingdom National Meteorological Service. The atmospheric component of the model has a horizontal resolution of 2.5 • by 3.75 • , equivalent to a resolution of 278 km by 295 km with 19 vertical levels [46] . HadCM3 was selected because of its wide applications, good performance and free availability [19, 47, 48] . In 1996, the IPCC developed four different storylines emission scenarios, as described in Appendix A. In this study, scenario A2 and B2 were used. A2 scenario is based on high population growth and describes a very heterogeneous world with a high population growth, while B2 represents a world with an emphasis on a local solution to a continuous global population increase at a rate lower than A2 [49] .
Statistical Downscaling Models (SDSM)
GCMs have limited application at a local scale due to their coarser spatial resolution [50] . The SDSM was used to downscale coarse resolution GCM climate data to local or watershed level application. The SDSM involves developing a quantitative relationship between large-scale atmospheric variables (predictors) and local surface variables (predictands) [51] . The predictor variables provide daily information about large-scale atmosphere condition, while the predictand describes the condition at the local level [32, 52] . The predictor variables used to downscale the HadCM3 is described on Wilby and Dawson [53] . The description provides large-scale climate predictor variables for the base period as well as for projected time horizons.
SDSM requires a long-term meteorological data to develop multiple linear regression equations between the predictor and predictand [32, 52] . The Dangila climatic station, which has a longer period of recorded data for rainfall and the maximum/minimum temperature, was used to downscale HadCM3 future climate data of A2 and B2 emission scenarios. The predictor variables, which have explained the variance of the predictands for the base period, were selected. The correlation was further filtered with a scatter plot to check whether the relationship was developed with few outliers or not. The regression indicated a strong correlation between the predictor variables relative humidity at 500 hpa and near-surface relative humidity with precipitation and minimum temperature indicated a strong association with 500 hpa geopotential height, surface specific humidity and mean temperature at 2 m while maximum temperature indicated a strong correlation with 500 hpa zonal velocity, 500 hpa geopotential height and mean temperature at 2 m. The performance of the downscaling was evaluated using the observed historical data for the baseline period. The downscaled data include rainfall, maximum and minimum temperatures for the study site. A classical baseline period of 30 years from 1961 to 1990 was adopted to represent present climate, as recommended by World Meteorological Organization [54] . The calibrated and validated SDSM model was used to predict the future climate for three-time horizons: 2020-2045 (2030s), 2045-2070 (2060s), and 2070-2100 (2080s). The potential evapotranspiration for the baseline and for the future time horizons was estimated using the FAO modified Penman-Monteith approach [24] .
Results and Discussion
Model Calibration and Validation
The HBV model calibration showed a reasonable agreement with an NSE of 0.66 and 0.64 for Main Beles and Gilgel Beles, respectively. Figure 3A ,B shows a comparison of simulated and observed daily streamflow of Main Beles and Gilgel Beles for the calibration period, respectively. Table 1 presents the calibrated model parameters and the corresponding statistical goodness-of-fit of Main and Gilgel Beles subbasins. The simulation for the calibration period did not capture peak flows very well. The single peaked high streamflows are often associated with extremely high rainfall events and perhaps occur at a time scale smaller than the daily time step of the simulation period. Peak flows often occur after the catchment's time of concentration is reached, which occurs after the entire or a large portion of the catchment contributed streamflow to the subbasin outlet. However, for this study, only three rainfall gauging stations located outside of the subbasins are used to represent the subbasins areal rainfall while the streamflow was observed twice a day. Hence, rainfall is highly spatially variable in this area [28, [54] [55] [56] , and the rainfall data used for this study might not be fully representative of the rainfall spatial and temporal pattern. The areal rainfall plotted in the secondary y-axis of Figure 3A ,B also indicated a mismatch between peak rainfall and peak runoff. This may increase the uncertainty in the spatial distribution of runoff and lead to underestimation of the peaks.
The performance of the simulated streamflow over the wet and dry season is shown in Table 2 . Overall, the simulated streamflow best captured the observed flow in the dry season for both rivers compared to the wet season flow, especially using the NSE and R-squared goodness-of-fit evaluation statistics. The simulation for the calibration period did not capture peak flows very well. The single peaked high streamflows are often associated with extremely high rainfall events and perhaps occur at a time scale smaller than the daily time step of the simulation period. Peak flows often occur after the catchment's time of concentration is reached, which occurs after the entire or a large portion of the catchment contributed streamflow to the subbasin outlet. However, for this study, only three rainfall gauging stations located outside of the subbasins are used to represent the subbasins areal rainfall while the streamflow was observed twice a day. Hence, rainfall is highly spatially variable in this area [28, [55] [56] [57] , and the rainfall data used for this study might not be fully representative of the rainfall spatial and temporal pattern. The areal rainfall plotted in the secondary y-axis of Figure 3A ,B also indicated a mismatch between peak rainfall and peak runoff. This may increase the uncertainty in the spatial distribution of runoff and lead to underestimation of the peaks.
The performance of the simulated streamflow over the wet and dry season is shown in Table 2 . Overall, the simulated streamflow best captured the observed flow in the dry season for both rivers compared to the wet season flow, especially using the NSE and R-squared goodness-of-fit evaluation statistics. The calibrated model parameters of Main Beles and Gilgel Beles were similar except for the maximum soil moisture holding capacity of the soil (FC) ( Table 1 ). FC value of Main Beles was more than double that of Gilgel Beles. This was exhibited in the observed streamflow where the runoff yield of Gilgel Beles (800 mm) was close to two folds of Main Beles. The high FC value in the Main Beles suggests that a significant amount of water can be retained in the soil, which will be lost later via evapotranspiration and/or as baseflow compared to Gilgel Beles.
The calibrated models were evaluated with an independent input data for the period from 2004 to 2005, and the result showed that the calibrated model performed reasonably well with an NSE value of 0.75 and 0.61 for Main Beles and Gilgel Beles, respectively ( Figure 4A,B) . Therefore, the calibrated models together with downscaled future climate data were used to study the impact of future climate data on streamflow. The calibrated model parameters of Main Beles and Gilgel Beles were similar except for the maximum soil moisture holding capacity of the soil (FC) ( Table 1 ). FC value of Main Beles was more than double that of Gilgel Beles. This was exhibited in the observed streamflow where the runoff yield of Gilgel Beles (800 mm) was close to two folds of Main Beles. The high FC value in the Main Beles suggests that a significant amount of water can be retained in the soil, which will be lost later via evapotranspiration and/or as baseflow compared to Gilgel Beles.
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The downscaled maximum and minimum temperature for the baseline period using HadCM3A2a and HadCM3B2a model outputs captured the observed monthly temperature distribution reasonably well. The model error calculated as the difference between monthly average downscaled and observed data was used to evaluate the performance of minimum and maximum temperature ( Figure 5A,B) . The maximum temperature was overpredicted by both models in February and March while underpredicted in April to August, November, and December ( Figure  5A ). The maximum difference between predicted and observed maximum temperature for both model outputs were 0.5 °C, which occurred in February (in the dry season). In both models, the 
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Impact of Climate Change on the Hydrology
The projected rainfall, temperature, and potential evapotranspiration values were used as input to the calibrated and validated HBV model for each future time horizons. The HBV model was used to evaluate the impact of projected climate data on the hydrology of Main Beles and Gilgel Beles subbasins for the three-time horizons: 2030s, 2060s and 2080s.
Hydrological impact of climate change in the Main and Gilgel Beles estimated by the HBV is summarized in Table 3 and Figure 11A ,B. Average annual streamflow may decrease from baseline period, during all time horizons 2030s, 2060s, and 2080s. The average annual streamflow may decrease by up to 4.9% in Main Beles subbasin in the 2080s. For Gigel Beles, streamflow will reduce by up to 5.4% during the 2030s.
The seasonal variation of runoff of the projected climate from the baseline period was computed for wet and dry season ( Table 3 ). The wet season includes June to September and the dry season includes the other eight months. The dry season average streamflow of Main Beles may increase by 45%, 16% and 64% from the baseline period in the 2030s, 2060s and 2080s, respectively. For Gilgel Beles, flow may increase by 44%, 16% and 65% in 2030s, 2060s and 2080s, respectively ( Table 3 ). The average wet season streamflow may decrease for the coming century in both subbasins. For example, the average wet season streamflow for Main Beles will decrease by 11%, 7% and 19% in the 2030s, 2060s, and 2080s, respectively. For Gilgel Beles, the average wet season flow will decrease by 12%, 6% and 17% in the 2030s, 2060s, and 2080s, respectively (Table 3) . The projected rainfall showed an increasing rainfall trend in the dry season including October to March and a decreasing trend in April through June, which is not the major rainfall season. The increasing rainfall in the dry season may be used to supplement dry season irrigation.
The seasonal variation of runoff of the projected climate from the baseline period was computed for wet and dry season ( Table 3 ). The wet season includes June to September and the dry season includes the other eight months. The dry season average streamflow of Main Beles may increase by 45%, 16% and 64% from the baseline period in the 2030s, 2060s and 2080s, respectively. For Gilgel Beles, flow may increase by 44%, 16% and 65% in 2030s, 2060s and 2080s, respectively ( Table 3 ). The average wet season streamflow may decrease for the coming century in both subbasins. For example, the average wet season streamflow for Main Beles will decrease by 11%, 7% and 19% in the 2030s, 2060s, and 2080s, respectively. For Gilgel Beles, the average wet season flow will decrease by 12%, 6% and 17% in the 2030s, 2060s, and 2080s, respectively (Table 3) . The hydrograph for the monthly streamflow indicated that there may be an increase in both subbasins in the dry season. For example, in the 2030s, an increase in streamflow of up to 75% and 78% was observed in December for Gilgel Beles and Main Beles, respectively. In the 2060s and 2080s, the largest monthly flow increase was observed in November in both subbasins.
Limitation of the Study
Impact of climate change study on streamflow applying hydrological models involves a range of uncertainties [19, 21, 36, 62] . The various sources of uncertainties in climate change studies are ranked in various studies such as Wilby and Harris [36] and Chen et al. [63] . Selection of the GCM model and definitions of the emission scenarios are the greatest sources of uncertainty on climate change studies [36, 63, 64] . The disagreement between different GCM models over regional climate change studies is widely acknowledged as a significant source of uncertainty [36, 65] . A significant difference in future climate data could arise when downscaling with dynamic and statistical downscaling methods [36, 66, 67] or even within statistical downscaling methods due to the difference in spatial domains, predictor variables and predictands [21, 67] . The other source of uncertainty is associated with the hydrological model, which is used to translate the impact of the future climate data to hydrological response (e.g., impact on streamflow). The hydrological uncertainty arises from model structure, parameter uncertainty, and data scarcity [68] . This study used one GCM model, two emission scenarios and a semi-distributed hydrological model to understand the effect of future climate on the water availability in upper Blue Nile basin. Despite the limitations, this study executed every effort (e.g., looking for the best available data, using the most possible plausible emission scenarios, etc.) to reduce the uncertainty on the model prediction and tried to understand the plausible impact of climate change on the water resource availability in the Upper Blue Nile basin of Ethiopia.
Conclusions
The future climate and its impact on potential evapotranspiration and streamflow for Main Beles and Gilgel Beles subbasins are evaluated using downscaled A2 (medium-high) and B2 (medium-low) emission scenarios. The findings show a consistent increasing trend for both minimum and maximum temperature for all time horizons (2030s, 2060s and 2080s) with a higher rate of increase towards the end of the century. Results also show that the rate of change of maximum temperature is higher than the rate of change of minimum temperature. We have found that this will be responsible for alterations of the hydrological cycle by increasing the evapotranspiration by 2% in the 2030s, 4.7% in the 2060s and 7.8% at the end of the century. The increase in evapotranspiration suggests increased crop water requirement in future crop production. Thus, the design of irrigation infrastructure should take this into account. Moreover, larger storage structure is needed to offset the The hydrograph for the monthly streamflow indicated that there may be an increase in both subbasins in the dry season. For example, in the 2030s, an increase in streamflow of up to 75% and 78% was observed in December for Gilgel Beles and Main Beles, respectively. In the 2060s and 2080s, the largest monthly flow increase was observed in November in both subbasins.
Limitation of the Study
Impact of climate change study on streamflow applying hydrological models involves a range of uncertainties [19, 21, 36, 63] . The various sources of uncertainties in climate change studies are ranked in various studies such as Wilby and Harris [36] and Chen et al. [64] . Selection of the GCM model and definitions of the emission scenarios are the greatest sources of uncertainty on climate change studies [36, 64, 65] . The disagreement between different GCM models over regional climate change studies is widely acknowledged as a significant source of uncertainty [36, 53] . A significant difference in future climate data could arise when downscaling with dynamic and statistical downscaling methods [36, 66, 67] or even within statistical downscaling methods due to the difference in spatial domains, predictor variables and predictands [21, 67] . The other source of uncertainty is associated with the hydrological model, which is used to translate the impact of the future climate data to hydrological response (e.g., impact on streamflow). The hydrological uncertainty arises from model structure, parameter uncertainty, and data scarcity [68] . This study used one GCM model, two emission scenarios and a semi-distributed hydrological model to understand the effect of future climate on the water availability in upper Blue Nile basin. Despite the limitations, this study executed every effort (e.g., looking for the best available data, using the most possible plausible emission scenarios, etc.) to reduce the uncertainty on the model prediction and tried to understand the plausible impact of climate change on the water resource availability in the upper Blue Nile basin of Ethiopia.
Conclusions
The future climate and its impact on potential evapotranspiration and streamflow for Main Beles and Gilgel Beles subbasins are evaluated using downscaled A2 (medium-high) and B2 (medium-low) emission scenarios. The findings show a consistent increasing trend for both minimum and maximum temperature for all time horizons (2030s, 2060s and 2080s) with a higher rate of increase towards the end of the century. Results also show that the rate of change of maximum temperature is higher than the rate of change of minimum temperature. We have found that this will be responsible for alterations of the hydrological cycle by increasing the evapotranspiration by 2% in the 2030s, 4.7% in the 2060s and 7.8% at the end of the century. The increase in evapotranspiration suggests increased crop water requirement in future crop production. Thus, the design of irrigation infrastructure should take this into account. Moreover, larger storage structure is needed to offset the decline in the rainfall of the major rainfall season. The model output indicated that this change in the water balance component could severely affect streamflow of both rivers. The average annual streamflow could decrease in future time horizons compared to the baseline period. On a seasonal basis, the wet season flow will decrease for the coming century; reducing by 19% and 17% for Main and Gilgel Beles, respectively, at the end of the century. The dry season flow may increase by 64% and 65% for Main Beles and Gilgel Beles, respectively, by the end of the century. The monthly and seasonal version of streamflow is relatively higher than the annual flow variation.
B2.
The B2 storyline and scenario family describe a world in which the emphasis is on local solutions to economic, social and environmental sustainability. It is a world with continuously increasing global population at a rate lower than A2, intermediate levels of economic development, and less rapid and more diverse technological change than in the B1 and A1 storylines. The scenario is also oriented towards environmental protection.
